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Data Sets
For algorithm development, we retrospectively collected 43 292 chest radiographs obtained between January 2010 and December 2015 at our hospital (Seoul National University Hospital). These chest radiographs consisted of 34 067 normal chest radiographs without any abnormal findings from 30 784 patients (male-to-female patient ratio, 16 986:13 798; mean age for men vs women, respectively: 51.3 years 6 16.5 [standard deviation] vs 51.3 years 6 15.8) and 9225 chest radiographs with malignant pulmonary nodules (hereafter referred to as nodule chest radiographs) from 3892 patients (male-tofemale patient ratio, 2244:1648; mean age for men vs women, respectively: 64.6 years 6 12.0 vs 61.1 years 6 12.1). Nodule chest radiographs were obtained from patients with malignant pulmonary nodules proven at pathologic analysis and normal chest radiographs on the basis of their radiology reports, and all chest radiographs were carefully reviewed by thoracic radiologists. All chest radiography was deidentified according to the Health Insurance Portability and Accountability Act Safe Harbor standard. Thereafter, the chest radiography data were randomly assigned into one of the following three data sets: a training data set that consisted of 42 092 chest radiographs (33 467 normal and 8625 nodule chest radiographs) to optimize network weights, a tuning data set (600 chest radiographs consisting of 300 normal and 300 nodule chest radiographs) to optimize hyperparameters, and an internal validation data set (600 chest radiographs consisting of 300 normal and 300 nodule chest radiographs) to validate the detection performance of the trained network. The patients in the three data sets were different and exclusive to each of the other data sets.
Four additional temporally or spatially independent data sets were prepared for external validation from three different Korean hospitals (Seoul National University Hospital, 181 patients with 62 normal and 119 nodule chest radiographs; Boramae Hospital, 182 patients with 59 normal and 123 nodule chest radiographs; and National Cancer Center, 181 patients with 70 normal and 111 nodule chest radiographs) and one US hospital (University of California San Francisco Medical Center, 149 patients with 60 normal and 89 nodule chest radiographs). Patients with available chest radiography and referential chest CTs performed within 1 month were included; for nodule chest radiographs, either pathologic analysis-proven or clinically confirmed malignant pulmonary nodules were included, and all normal chest radiography showed no abnormal findings at CT. All chest radiography in the external validation data sets were mutually exclusive, performed in independent patients, and did not overlap with the development data set. In establishing a reference standard for nodule presence, nodules smaller than 5 mm at CT were excluded from analysis. Radiographs with more than 3 nodules, lung consolidation, or pleural effusion obscuring lung nodules were also excluded. Every chest radiograph was obtained via posterior-anterior projection by using a digital radiography technique with various machines. The external validation data set from Seoul National University Hospital was Abbreviations AUROC = area under the ROC curve, DLAD = deep learning-based automatic detection, FOM = figure of merit, JAFROC = jackknife alternative free-response ROC, ROC = receiver operatic characteristic
Summary
Our deep learning-based automatic detection algorithm outperformed physicians in radiograph classification and nodule detection performance for malignant pulmonary nodules on chest radiographs, and when used as a second reader, it enhanced physicians' performances.
Implications for Patient Care
n Our deep learning-based automatic detection algorithm showed excellent detection performances on both a per-radiograph and per-nodule basis in one internal and four external validation data sets.
n Our deep learning-based automatic detection algorithm demonstrated higher performance than the thoracic radiologist group.
n When accompanied by our deep learning-based automatic detection algorithm, all physicians improved their nodule detection performances.
in addition to unavoidable limitations in accessibility and cost (10, 11) . Therefore, various computer-aided diagnosis techniques have been proposed, resulting in variable levels of performance. Whereas computer-aided diagnosis has shown remarkable improvements in its detection performance, it still hardly approaches that of a typical radiologist (12) , and it is not yet accepted in routine clinical practice. One of the major issues with the acceptance of computer-aided diagnosis at chest radiography has been the large number of false-positive marks that need to be assessed. Recently, deep learning technology has been adopted to address many unsolved difficult scientific and technical problems. In particular, a convolutional neural network has shown promise as a high-capacity parametric model for image analysis by using a large number of parameters derived from training data (13) (14) (15) (16) . Indeed, convolutional neural network has enabled the performance of deep learning-based visual recognition tasks in daily life, reaching near human-level object recognition performance (16) . Herein, we assessed whether interpretation of medical imaging studies, particularly radiologic examinations, can be one such promising application of this deep learning technology (17, 18) .
The purpose of our study was to develop a deep learningbased automatic detection (DLAD) algorithm for the detection of malignant pulmonary nodules on chest radiographs, and to validate its detection performance with that of physicians including thoracic radiologists.
Materials and Methods
For our retrospective study, ethics review and institutional review board approval were obtained from all participating institutions and the requirement for informed consent was waived. 
Note.-Unless otherwise indicated, data are numbers of nodules or patients and data in parentheses are percentages. * Data are 6 standard deviation. † Data are 6 standard deviation; data in parentheses are range.
obtained between October 2016 and January 2017, and an observer performance test was additionally performed by using this data set ( Fig E1 [online] ). Detailed demographic information is provided in Table 1 and acquisition technique of chest radiographs in Table E1 (online).
Labeling and Annotation
In the developmental data sets, chest radiographs were labeled as either normal or nodule chest radiographs (image-level labeling), and the location of nodules on the nodule chest radiographs were annotated (pixel-level annotation) in 37.2% (3213 of 8625) of nodule chest radiographs in the training data set (for semisupervised learning) and in all chest radiographs from the tuning and internal validation data sets by five boardcertified radiologists with 7-14 years of experience, blinded to other radiologists' labeling and annotation. Up to five nodules were annotated per chest radiograph, and a simple majority decision served as the reference standard for the presence and location of pulmonary nodules. CTs performed within 1 week were used as the reference for indeterminate radiographs.
For the four external validation data sets, four thoracic radiologists (C.M.P., G.N.J., K.Y.L., and T.H.V., each with 14-18 years of experience), one each from the four participating institutions, labeled the chest radiographs and annotated the location of the malignant nodules on chest radiographs on the basis of chest CTs performed within 1 month, and also evaluated the characteristics of the nodules including size, location, and internal characteristics. For the data set from Seoul National University Hospital, where the observer performance test was performed, the conspicuity of each lesion on the chest radiographs was decided by two thoracic radiologists (S.Y.A. and C.M.P., with 6 and 16 years of experience, respectively) in consensus by using a five-point scale: score of 5, clearly visible at initial look; score of 4, moderately visible at initial look; score of 3, possibly neglected but true nodule at retrospective focused evaluation; score of 2, 50%-70% confidence at retrospective focused evaluation; score of 1, less than 50% confidence even with review at CT ( Fig E2 [online] ).
Development of DLAD DLAD uses the pixel intensity of chest radiography as an input and then outputs its location and the presence of malignant nodules. For training data set chest radiography, as previously mentioned, both the image-based information and the positional information of malignant nodules were used. Instead of a fully supervised learning algorithm, DLAD was trained in a semisupervised learning manner by using all of the imagelevel labels, but only part of the pixel-level annotations in the training data set: 37.2% (3213 of 8625) of nodule chest radiographs underwent pixel-level annotation. This semisupervised learning method is not only cost effective but can also enable the trained model to learn features of nodules that may be missed by radiologists.
A deep convolutional neural network with 25 layers and eight residual connections was designed, and the residual connection proposed by He et al (16) was used. Residual mapping is known to be effective in training a deeper neural network, resulting in better generalization performance. Brightness, contrast, and image size on input chest radiographs were randomly adjusted to make DLAD irrelevant to the variations. After finding a lung area by using the lung segmentation algorithm based on network-wise training, DLAD was trained to focus on the lung area. To speed up the training, the batch normalization technique was used. The outputs of three networks trained on the same data but with different hyperparameters were averaged for the final prediction. Detailed information is provided in Appendix E1 (online).
Evaluation of DLAD
The trained DLAD generated continuous probability values between 0 and 1 for each chest radiograph corresponding to the probability that there would be nodules on the chest radiograph. In addition, DLAD produced continuous activation values ranging from 0 to 1 for each pixel of the images, derived from an activation function of the neural network. For internal and external validation, radiograph classification and nodule detection performances were evaluated on per-patient and per-nodule basis, respectively. Regarding consideration for lack of CT confirmation for normal chest radiographs in our development data set, we retrained another algorithm by using a new data set with all CT-confirmed chest radiography and evaluated its performance by using four external validation data sets (Appendix E1 [online]).
were shown as color-coded saliency maps (Figs 1c, 2c, and Fig  E3b [online] ), and each observer was asked to decide whether or not to change their previous decision and rerate the score of each nodule (Appendix E1 [online]).
Statistical Analysis
For the validation data sets, per-patient-based analysis was performed from the probability values by using the area under the receiver operating characteristic (ROC) curve (AUROC) analysis for the radiograph classification task. Per-nodulebased analysis was performed from activation values by using figures of merit (FOMs) from jackknife alternative free-response receiver-operating characteristic analysis (JAFROC version 4.2.1; http://www.devchakraborty.com) for the nodule detection task, defined as the probability that true lesions are rated higher than nonlesion marks on normal chest radiographs An observer performance test was conducted by using the data set from Seoul National University Hospital to compare the radiograph classification and nodule detection performances of DLAD with those of physicians. Eighteen physicians from four different subgroups (three nonradiology physicians, six radiology residents, five board-certified radiologists, and four subspecialty trained thoracic radiologists) participated as observers. In test 1, each observer independently reviewed each chest radiograph to discriminate normal chest radiographs from nodule chest radiographs (radiograph classification) and localized lung nodules (nodule detection) on a five-point confidence scale without DLAD as follows: 1, potential lesion with low degree of suspicion; 2, dubious lesion; 3, possible lesion with more than 50% confidence; 4, probable lesion with high confidence; and 5, definite lesion (1, 2) . In test 2, each observer rescored the nodules from test 1 after DLAD (Fig E3 [online] ). The results of DLAD Note.-Data in parentheses are numerator and denominator; data in brackets are 95% confidence intervals. AUROC = area under the receiver operating characteristic curve, DLAD = deep learning-based automatic detection algorithm, FOM = figure-of-merit, FP = false positive, JAFROC = jackknife alternative free-response receiver operating characteristic. * Per-nodule-based nodule detection sensitivities were calculated by using the number of detected nodules divided by the number of total malignant nodules, for which the threshold of the activation-vale was set at 0.3. † Rates of false-positive findings were calculated as the total number of nodules with false-positive findings divided by the total number of chest radiographs, for which the threshold of activation-vale was set at 0.3.
analysis and JAFROC FOM analysis were 0.96 and 0.852, respectively, similar to the AUROC and JAFROC FOM calculated from the tuning data set (0.98 and 0.874, respectively). At external validation, AUROCs were 0.92, 0.99, 0.94, and 0.96, and JAFROC FOMs were 0.870, 0.924, 0.831, and 0.880 for Seoul National University Hospital, Boramae Hospital, National Cancer Center, and University of California San Francisco Medical Center, respectively ( Table 2 ). The nodule detection false-positive rate of DLAD ranged between 0.02 and 0.34 in the four external data sets.
Subsampling Experiment
To determine the sufficiency of the size of the training set, we randomly selected a certain proportion of chest radiographs in the training data set (ie, 1% and Nx10%, N ranging from 1-10) and the detection performances of the algorithms developed were evaluated. There was only a 0.003 AUROC increase and 0.014 JAFROC FOM increase between the algorithms developed from 80% to 100% of the data set (Appendix E1
[online], Fig 3) . Table  3 ). The random case, random reader analysis from JAFROC revealed that the performance of DLAD was higher than the (19) . Regarding the observer performance test, the radiograph classification and nodule detection performances of DLAD, physicians (test 1), and physicians with DLAD (test 2) were evaluated and compared by using pairwise comparison ROC curve analysis (20) and JAFROC FOMs, respectively: the random-case, fixed-reader method was used for individualobserver comparison and for group-averaged comparison (21) . The random-case, random-reader method was used for averaged comparison among all 18 observers. Nodule detection performance was additionally calculated by assuming all nodules from each physician and DLAD were accounted for; the larger confidence level was selected when both the physician and DLAD detected a nodule. Detailed subgroup analyses were performed on the basis of the characteristics of the nodules, including nodule size and conspicuity. The correlation between activation values of DLAD and averaged confidence levels of nine board-certified radiologists were evaluated by using Spearman rank correlation. ROC analysis was performed by using software (MedCalc version 15.8; MedCalc, Mariakerke, Belgium) and the Dorfman-Berbaum-Metz model was applied by using JAFROC version 4.2.1. For all tests, a P value less than .05 was considered to indicate statistical significance, and P value correction was performed following the Bonferroni method; P values were multiplied by 8 for grouped-observers comparison and by 2 for comparisons among all 18 observers (22) .
Comparison of Radiograph Classification and Nodule Detection Performances of DLAD

Results
Internal and External Validation Tests of DLAD Performance
For the internal validation data set of 600 chest radiographs (300 normal and 300 nodule chest radiographs), the AUROC 7 only 86.0% (449 of 522) and 99.5% (806 of 810) of nodules with conspicuity scores of 4 and 5, respectively, and 85.7% (756 of 882) of nodules greater than 3 cm. Table 4 and Table E3 (online) show how the DLAD and physicians performed over the ranges of nodule conspicuity. For nodules with conspicuity score of 3 or less, DLAD demonstrated a detection rate of 38% (26 of 69), higher than that of the pooled data of thoracic radiologists (27.2%; 75 of 276). Regarding nodules smaller than 1 cm, however, DLAD detected only 11% (two of 18) whereas the pooled data of thoracic radiologists detected 41% (33 of 80) of these lesions. Compared with thoracic radiologists, the confidence score of DLAD tended to exceed that of thoracic radiologists for nodules larger than 1.5 cm (Table E3 [online]). At test 2, the nonradiology physician group showed a higher acceptance rate for initially missed but DLAD-detected nodules with true-positive findings than did the other groups: the nonradiology physician group dismissed 37% (30 of 82) of DLAD-corrected nodules whereas the other three radiologist subgroups dismissed 67% Retrained Algorithm Analysis with CT-confirmed Normal Chest Radiographs Another algorithm was retrained by using 27 100 chest radiographs, confirmed at CT to be normal, from 27 100 patients and the same nodule chest radiographs from DLAD. The results, including AUROCs, JAFROC FOMs, and F1 scores (ie, the harmonic mean of precision and recall) remained consistent with our results from DLAD among four external validation data sets (Appendix E1 [online]; Table E7 [online]).
Discussion
Our study results demonstrated that DLAD could accurately detect malignant pulmonary nodules on chest radiographs with better performance than that of physicians, and that it enhanced performance of physicians when used as a second reader. More specifically, DLAD showed high specificity and was able to detect 100% of high conspicuity nodules (score of 4), most large (.3 cm) nodules, and more nodules in overlapped areas than the four groups of physicians in our study.
Compared with previously reported conventional image processing-based computer-aided diagnoses, DLAD showed a markedly decreased rate of false-positive findings and provided high specificity while preserving sensitivity (1,12,23-26) , grouped JAFROC FOM of the 18 physicians (JAFROC FOM, 0.885 vs 0.794, respectively; P = .002). DLAD demonstrated exceptionally high specificity of 95.2%, even when the threshold was set at score of 1, while preserving high sensitivity of 80.7% (96 of 119) whereas the averaged sensitivity of the physicians was 70.4% (1507 of 2142; Table E2 [online]). The rate of falsepositive findings per image of DLAD was 0.30, whereas that of the pooled data of physicians was 0.25.
Regarding the added value of DLAD as a second reader (test 1 vs test 2), the radiograph classification performance of physicians improved with DLAD (17 of 18 physicians; mean AUROC improvement of 0.04 [range, 20.0001 to 0.14]) and the changes were statistically significant in 15 of 18 physicians. Regarding nodule detection performance, all physicians showed improved detection performances by using DLAD (mean JAFROC FOM improvement, 0.043 [range, 0.006-0.190]) with significant differences in 14 physicians (Table 3) . Two physicians (observers 15 and 16) achieved a higher JAFROC FOM than that of DLAD alone (0.878 and 0.872, respectively) on test 2 (Table 3) . JAFROC FOM of nonradiology physicians, radiology residents, board-certified radiologists, and thoracic radiologists subgroups was 0.691, 0.796, 0.821, and 0.833, respectively, and in all four subgroups, their nodule detection performances improved with DLAD (JAFROC FOM for nonradiology physicians, radiology residents, board-certified radiologists, and thoracic radiologists, respectively: 0.828, 0.829, 0.840, and 0.854; corrected P , .05; Table 3 ).
When the maximum confidence level of each physician and DLAD was selected for each nodule, the corresponding nodule detection performance was superior to test 2 for most observers (16 of 18 physicians; mean JAFROC FOM difference, 0.027 [range, 20.035 to 0.094]) except for two nonradiologist physicians (JAFROC FOM range, 0.801-0.896), and was higher than DLAD alone in 10 of 18 physicians (Table E4 [online]).
DLAD detected all nodules with conspicuity score of 4 or higher (74 of 74) and most nodules greater than 3 cm (96%; 47 of 49) whereas the pooled data of all physicians detected Note.-Observer 4 had 1 year of experience; observers 5 and 6 had 2 years of experience; observers 7-9 had 3 years of experience; observers 10-12 had 7 years of experience; observers 13 and 14 had 8 years of experience; observer 15 had 26 years of experience; observer 16 had 13 years of experience; and observers 17 and 18 had 9 years of experience. Observers 1-3 were 4th-year residents from obstetrics and gynecology, orthopedic surgery, and internal medicine, respectively. Radiograph classification performance was described by using an area under the receiver operating characteristic curve analysis, and associated P values were calculated by using comparison receiver operating characteristic analysis. Nodule detection performance was described by using a figure of merit from jackknife free-response receiver operating characteristic analysis, and associated P values were calculated by using the random-case, fixed-reader method for individual-to-observer comparison by using jackknife free-response receiver operating characteristic analysis. AUROC = area under the receiver operating characteristic curve, DLAD = deep learning-based automatic detection algorithm, FOM = figure of merit, JAFROC = jackknife alternative free-response receiver operating characteristic. * For group averaged comparison, corrected P values are presented (multiplied by 8).
resulting in better detection performance than thoracic radiologists. Whereas previous computer-aided diagnoses exhibited a range of rates of false-positive findings per image of 0.9-3.3 and a specificity range of 32%-81%, DLAD showed a rate of falsepositive findings per image of around 0.02-0.34 with a higher specificity (range, 93.3%-100%; 95% confidence interval, 90.9%-100%). This may result in reducing unnecessary additional work ups, which can induce radiation hazard. The strength of DLAD was in finding conspicuous and/or large nodules and detecting nodules in overlapped areas (eg, hilar and apex). These results suggest that DLAD can help reduce human error and improve the accuracy of chest radiograph interpretation (27) . Considering that conventional computer-aided diagnoses are known to produce frequent false-positive results, our DLAD results may have possibly been overlooked by the observers, resulting in underestimation of the added value of DLAD in our study. Indeed, detection performance was improved simply by taking the maximum confidence level of each physician and DLAD, with the JAFROC FOM reaching as high as 0.896 for one observer. Thus, we surmise that nodule detection performance will improve further when observers are fully informed regarding the low false-positive rate of DLAD (Table E4 [online]). These results are further bolstered by the fact that the performance of DLAD remained relatively consistent among the tuning, internal validation, and four external validation data sets in our study, except for the exceptionally high performance of the data set from Boramae Hospital. The high performance in the data set can be attributed to their different nodule population because 53.2% (74 of 139) of their nodules were greater than 3 cm (Table 1) . By providing a sufficient number of fully supervised data combined with weakly supervised data and by performing regularization during training, successful generalization was able to be achieved by avoiding the overfitting of our algorithm (13, 28) . It is also promising that the performance of DLAD was able to be reproduced even in the validation data set from a different country (data set from University of California San Francisco Medical Center).
DLAD had limitations. DLAD did not accurately detect small (,1 cm; detection rate, 11% [two of 18]) and less conspicuous nodules. Because DLAD was trained under the supervision of labeling and annotation information provided by radiologists, the limitations of human perception are reflected in the DLAD performance. In the future, establishing an algorithm supervised by annotations on chest radiographs containing radiologically undetectable nodules by using CT as the reference standard is warranted. DLAD also did not detect any retrophrenic nodules, whereas thoracic radiologists detected 31% (11 of 36) retrophrenic nodules. Because DLAD was trained to focus on the lung area to prevent false-positive findings detected outside the lungs, DLAD was undertrained for the retrophrenic area. With further optimization from focused training by using retrophrenic nodules of both the posterior-anterior and lateral views, we expect the performance of DLAD to improve. In addition, the cut off of activation values may need to be better optimized.
The activation values produced from DLAD are derived from an activation function of the neural network and may not necessarily be proportional to the possibility of abnormal density at chest radiography. We identified the correlation of human confidence of abnormality and activation values by using the averaged confidence scores of nine radiologists and the activation values of nodules.
Our study has limitations. First, we only included malignant nodules, most of which were confirmed at pathologic analysis. Second, DLAD may have been undertrained for small nodules (ie, nodules , 1 cm). Third, DLAD was trained only for malignant nodule detection. Benign lung nodules and the differentiation of benign from malignant nodules was not optimized. Fourth, pneumonias and interstitial lung disease were not considered. Fifth, in routine practice, interval change plays a key role in the interpretation of chest radiographs, however, this was not integrated into the current algorithm. Furthermore, in this study, we only dealt with chest radiographs obtained at posterior-anterior projections. Inclusion of the lateral view images or bone suppressed and bone view images, or dual-energy chest radiographs by using deep learning technology might further enhance the performance. Finally, this was a retrospective study and did not exactly represent the real-world setting. Further research is warranted to determine the applicability of this DLAD in a prospective multi-institutional study, or it should be evaluated with prospectively collected large multi-institutional data sets (eg, National Lung Cancer Screening Trial).
In conclusion, we developed a deep learning-based automatic detection algorithm that outperformed physicians at perradiograph classification and malignant nodule detection on chest radiographs. When this algorithm was used as a second reader, physicians demonstrated enhanced performance for malignant nodule detection.
